Introduction
School effectiveness research aims to explain why some schools achieve higher student outcomes than other schools. Initially, these explanations were explored by studying characteristics of schools and school organizations. In the beginning of the 1990s, the focus shifted towards the teacher level and the teaching processes in classrooms. Comprehensive educational effectiveness models, combining factors at several levels among which the school and classroom levels, were developed (e.g., Creemers, 1992; Creemers & Kyriakides, 2008; Scheerens, 1992; Stringfield & Slavin, 1992) . These models currently form the conceptual basis of the empirical educational effectiveness studies searching for factors that account for differences in student outcomes between schools and that are malleable, so that they could -in principle -be used for school improvement.
Despite the current model-driven focus of empirical educational effectiveness studies, until now only very small treatment effects on student achievement have been found (Hendriks, 2014; Scheerens, this issue) . Moreover, the effects of processes and practices vary considerably across subject matter area and grade level. On the other hand, the overall or cumulative effects of schooling are by no means small (Scheerens, this issue) . However, still no consensus exists about how large the "real" school differences are. Effect sizes of school effects appear to differ between studies, depending on subject matter and grades, but more importantly depending also on whether and which student characteristics were taken into account to compute the "net" school effects (Marks, 2015) .
Also, some methodological reservations are in place. First, in many educational effectiveness studies, intelligence or proxies for intelligence like prior achievement are not taken into account; therefore, these studies overestimate the "real" variation in effectiveness between schools in a reliable and valid way (Organisation for Economic Co-operation and Development, 2008; Sammons, Thomas, & Mortimore, 1997) . The absence of such controls at the student level may lead to an overestimation of the size of the "real" value added of schools (Meyer, 1997; Timmermans, Doolaard, & De Wolf, 2011; Webster, Mendro, Orsak, & Weerasinghe, 1996) . Detterman (2016) states that there is sufficient evidence that in developed countries only 10% of the variance in school achievement can be attributed to schools and teachers, while the remaining 90% is due to student characteristics, of which intelligence is the most important one.
It might also be the case that in most previous educational effectiveness studies the effects of schooling have been underestimated because they only included the achievements of students measured at one specific moment during their school career in the effectiveness indicator. Even those studies that claim to use the "value-added" approach generally are limited, because they have only taken one measurement of prior achievement into account by including it as a co-variate in the analyses. Only a few studies thus far have addressed the value-added approach by analysing differences in effectiveness between schools using the learning gain of students over a longer period of time by means of growth curve modelling. Surprisingly, the studies that did so (e.g., Dumay, Coe, & Anumendem, 2014; Guldemond & Bosker, 2009; Raudenbush, 1989; Rowan, Correnti, & Miller, 2002 ) were able to demonstrate more sizable school effects. Several types of explanations for higher effect sizes are suggested in these studies, including statistical or conceptual differences in approach (growth versus co-variance analysis) as well as explanations related to school policy characteristics. We will come back to this later in the discussion section.
Second, most previous studies used as an effectiveness indicator only the outcomes of one single cohort of students, mostly pertaining to only one subject domain, which highly threatened the reliability and validity of this indicator. In our view, it is extremely important that when labelling schools as more or less effective, the degree to which they attain higher or lower learning gains among their students across multiple subject domains and across successive student cohorts is also taken into account. On the basis of this approach, it would be possible to rank order schools on one integrated, multidimensional indicator of effectiveness, which offers new perspectives for relating between-school differences in value added to malleable educational process characteristics.
Taking this view as a starting point, it is the aim of the current study to explore the size, stability, and consistency of school effects, using two different effectiveness indicators: the achievements of students at the end of primary school and the learning gains of these students across three years of schooling. The empirical data used in the study are from a Dutch data set including the scores of 25,269 students on reading comprehension, spelling, and mathematics tests, taken in Grades 4, 5, and 6 among three cohorts of students in 319 primary schools. Because the study builds further on earlier studies reporting on the size, stability, and consistency of school effects and on the statistical models that have been employed in these studies, we will first shortly review the state of the art concerning these issues, after which we will describe more in detail the research questions of the present study.
Size, stability, and consistency of school effects
In a recent publication, Marks (2015) gives a short, but comprehensive overview of relevant research on the size of school effects. Starting with a description of different types of school effects, referring to Scheerens and Bosker (1997) , he reviews the findings related to the size of effects in the gross effect models and in the models in which prior differences between students (value-added models) have been adjusted for. Generally, the findings show that the between-school differences in all levels of schooling are much lower in the value-added models (8-13% of the total variance in student academic performance) than in the gross effect models (18-25%). Moreover, the effects are larger for mathematics and composite measures of academic performance compared to language, and larger for schools in secondary education compared to schools in primary education.
However, the sizes of school effects that Marks reported are based on studies that typically used only two measurements of students' achievement, that is, taking the score on the second occasion as the outcome variable, adjusting for the score on the first occasion as an indicator of initial achievement. Furthermore, the reported comparisons of school effect sizes between domains, grades, and school levels are not based on studies conducted in the same schools, and thus it is unknown to which degree the differences that were found could be attributed to fluctuations in the samples of participating schools or within-school fluctuations due to variation between student cohorts (Marks, 2015) .
Regarding the stability, Marks (2015) makes a distinction between stability across cohorts and stability across grades within cohorts, although he does not further review the literature on the latter type of stability because this is not an issue in his own study. His conclusion from the review of literature, referring to the study of Scheerens, Bosker, and Creemers (2001) amongst others, is that the stability of value-added school effects is at best moderate, with rather large differences between studies depending on the time lag between the cohorts, with smaller levels of stability the longer the time lag (Gray, Goldstein, & Thomas, 2001; Leckie & Goldstein, 2009; Thomas, Sammons, Mortimore, & Smees, 1997b) . For example, Scheerens et al. (2001) presented an average correlation of 0.70 between school effects of subsequent cohorts, but the range of correlations was .34 to .87. The conclusion of moderate stability is in agreement with results of previous studies within the Dutch context (Luyten, 1994; Timmermans, De Wolf, Bosker, & Doolaard, 2015; Van de Grift, 2009 ).
However, estimates of stability of school effects are difficult to compare over studies as different approaches were adopted in previous research. First, some studies are based on separate value-added analyses for each cohort, retrieval of the value-added estimates from the separate analyses, and calculations of correlations between the value-added estimates (e.g., Marks, 2015) . Others are based on separate value-added analyses for each cohort, retrieval of the value-added estimates from the separate analyses, and subsequent analyses of schools changing categories (e.g., Gray, Jesson, Goldstein, Hedger, & Rasbash, 1995; Van de Grift, 2009 ). The third category of studies is based on a simultaneous analysis of subsequent cohorts by means of including an additional hierarchical level to the multilevel model to account for dependence of cohorts within schools and then calculating a stability index based on the variance on the school and school-cohort levels (e.g., Leckie & Goldstein, 2009; Luyten, 1994; Van der Werf & Guldemond, 1996) . Furthermore, stability or a lack thereof may be interpreted in different ways, that is, it may indicate true changes in effectiveness of schools or departments but it may also be an indication of problems with the reliability of value-added estimates (e.g., Dumay et al., 2014; Inspectie van het Onderwijs, 2003; Wijnstra, Ouwens, & Béguin, 2003; Thomas, Sammons, Mortimore, & Smees, 1997a; Van de Grift, 2009) .
Regarding the consistency of school effects across multiple subject domains, Marks's (2015) conclusion is rather similar: The adjusted correlations between subjects in the studies that he has reviewed (e.g., Hill & Rowe, 1996; Luyten, 1998; Scheerens & Bosker, 1997; Thomas et al., 1997b) are around .50, but again considerable differences in correlations were revealed between studies. The strength of the consistency was dependent on the type of school effect measured, with higher consistency for gross school effects (approximately r = .70-.80) than for value-added school effects (r = .24-.71). This conclusion is in accordance with the results from previous studies in the Dutch context which are not included in the review of Marks (e.g., Bosker & Luyten, 2000; Timmermans, 2012; Van der Werf & Guldemond, 1996) . Altogether, we might conclude that schools which are successful in one year for one subject, are not necessarily successful in the next year or another subject, but it also implies that, generally, good results in one year or one subject to a certain extent go together with good results in another year or another subject (Luyten, 2003) .
In his own study, Marks (2015) examined the size, stability, and consistency of school effects for both primary and secondary school students, using population data for Victorian government schools collected among six cohorts of students that were in Year 3 (primary school) or Year 7 (secondary school) between 2008 and 2011. From each cohort, data of two measurement occasions were available: Year 3 and 5 and Year 7 and 9, respectively. Five achievement domains were included in the study. The main conclusions from the study were that, in contrast with the current understanding, value-added school effects show low levels of stability across cohorts and are not consistent across subject domains. With respect to stability, the correlations found by Marks seem to be lower than in previous research, with correlations varying between .21 and .41 for value-added effects of primary schools of 1 year apart. Correlations were very close to zero for value-added effects of primary schools of 2 years apart. For secondary education, the correlations were slightly higher. However, average correlations between subjects varied between .37 and .44 for primary school value added and between .34 and .43 for secondary school value added. These are well within the range of correlations of previous studies. Unfortunately, Marks had only two measurement occasions in the longitudinal data in his study, so he could not report about the size, stability, and consistency of value-added school effects for growth in students achievement; instead, similar to the traditional value-added educational effectiveness studies, he included the achievement scores of the first measurement occasion as a co-variate in the analyses (see the next subsection for an explanation of the difference).
The current study
Our study aims to extend the study of Marks (2015) by adding two important elements. First, because our data set included three measurement occasions (Grades 4, 5, and 6) for each cohort, we estimated the size, stability, and consistency of school effects for students' final scores in Grade 6 (gross school effects) as well as their growth from Grade 4 to 6 (value-added school effects). The three measurement occasions offered the possibility to explicitly model progress over time. It is important to note here that the interpretation of value-added effects based on growth curve models, as applied in the current study, is different from value added derived from the traditional covariance models. The valueadded school effect derived from a growth curve model indicates the difference in average growth of the students in school J compared to the average school in the sample. In covariance models, value-added school effects can be interpreted as the difference in the average student performance between school J and the average school for children with comparable prior performance (Timmermans et al., 2011; Willms, 1992) . The major difference is that value added derived from traditional covariance models does not explicitly model growth in performance. Second, we integrated the separate models for estimating the size of school effects respectively the stability and consistency into one comprehensive model. The following research questions were addressed:
(1) What is the size of school effects for students' final achievements (gross effects) and their growth (value-added effects) on reading comprehension, spelling, and mathematics? (2) What is the stability of school effects for the final achievements and growth of students on reading comprehension, spelling, and mathematics across three cohorts of students? (3) What is the consistency of school effects for the final achievement and growth of students across the three domains of reading comprehension, spelling, and mathematics?
Method

Sample
For this study, data from a sample of Dutch primary schools were derived from the Monitoring and Evaluation System of Cito, the Netherlands Institute for Educational Measurement. This monitoring system offers schools and teachers the possibility to monitor the progress of their students during primary education via several instruments, such as a set of tests, a registration system, remediation guidance methods, and tools for identifying specific learning problems. Data were collected by the schools themselves for their own use. The data in our study included the results on reading comprehension tests, spelling tests, and mathematics (geometry, time, and money) tests. Three cohorts of students who completed tests in these domains during the period from 2003 to 2008 were included in this study. Students in each cohort were followed for three consecutive years (from Grade 4 until Grade 6, age approximately 9-12 years). Cohort 1 consisted of students in Table 1 . Within each cohort, there is a gradual decrease of number of students with the largest decrease between Grades 5 and 6. Over cohorts, there seems a gradual increase of student numbers.
Instruments and variables
Student performance
The data set includes student academic performance scores in the domains mathematics, reading comprehension, and spelling. For each of these outcomes, grade-specific tests were developed by Cito, the Netherlands Institute for Educational Measurement. The reliability rates of the grade-specific tests are high. The reliability rates of the tests vary between .83 and .93, indicating high internal consistency (Janssen, Verhelst, Engelen, & Scheltens, 2010; Weekers, Groenen, Kleintjes, & Feenstra, 2011) . Within each domain, the students' test results on each particular grade-specific test were calibrated to the other grade-specific tests by means of item response models, more specifically, by means of the one parameter logistic model assuming a one-dimensional underlying latent scale per domain (Verhelst, Glas, & Verstralen, 1993) . The result of this calibration is that per domain the scores across all grades are situated on one underlying scale, so that it is possible to determine students' growth over time. Also, the latent scores within a given domain are consistent across the different cohorts. For this particular study, the latent scale scores were standardized over the three cohorts, which allows for comparing the students' final achievement scores and growth across the three cohorts.
Time A time variable was constructed with the values −2 (Grade 4), −1 (Grade 5), and 0 (Grade 6). Similar operationalizations of the time variables have been used in, for example, the studies of Dumay et al. (2014) , Timmermans et al. (2015) . Analytic strategy School effects were indexed in a raw form (gross school effect) by means of the students' performance in Grade 6 and in a net form (value-added school effect) measured by the growth of students from Grade 4 until Grade 6. Both indicators of school effects were estimated within the same multivariate multilevel growth curve model using the MLwiN 3.0 software (Rasbash, Steele, Browne, & Goldstein, 2009 ). Multilevel models are considered the most appropriate because they take the hierarchical structure, and therefore dependency of the data, into account (Snijders & Bosker, 2012) . Since multilevel models do not require a strictly balanced design (Quené & Van den Bergh, 2004) , all students for whom at least one outcome of one measurement occasion was available were included in the model. The model employed is a combination of (a) growth curve modelling (Stoel & Galindo Garre, 2011) to account for the previous performance of students and to explicitly estimate growth in student performance; (b) models to test stability of school effects (Leckie, 2013; Luyten, 1994; Van der Werf & Guldemond, 1996) ; (c) models to test the consistency of school effects (Luyten, 1998; Ma, 2001 ). In this model, the measurements (Level 1) were nested within students (Level 2), which were nested in school cohorts (Level 3), which were nested in schools (Level 4). A description of the characteristics of this model will be provided below (the full mathematical model is described in Appendix 1).
First, in multilevel growth curve models the development of the students was modelled as a function of time (Stoel & Galindo Garre, 2011) by including a hierarchical level of measurements (Level 1) within students (Level 2). Time was added as a predictor variable at the measurement level. Given that in the current study only three measurement occasions were available, only linear trends of time were estimated, to prevent an overestimation of between-student, school-cohort, and school differences due to measurement error at particular time points. Gross and value-added school effects can be derived from this model because the time variable in the current study was constructed with the values −2 (Grade 4), −1 (Grade 5), and 0 (Grade 6). This makes Grade 6 the reference time point. Random intercepts on the measurement, student, school-cohort, and school levels were added to the model to allow for the separation of the variance in Grade 6 performance over the hierarchical levels. They refer to the gross effects. Also, random slopes of time were added to the model on the student, school-cohort, and school levels to allow for differences between students, school cohorts, and schools in growth rates. These random slopes refer in our study to value-added effects.
Second, the stability of school effects can be investigated by including multiple cohorts in one analysis and having the cohort level as a separate level within schools (Leckie, 2013; Luyten, 1994; Van der Werf & Guldemond, 1996) . In the current model, the school cohorts (Level 3) are nested within schools (Level 4). The variance in the model associated with the school level, both with respect to the intercepts (gross effects) and the slopes (valueadded effects), gives an indication of the enduring effects, while the variance on the school-cohort level provides an indication of the instability.
Third, the consistency of the school effects (Research question 3) can be derived from a multilevel model by including multiple dependent variables (Luyten, 1998; Ma, 2001 ). This makes the multilevel model a multivariate model. In the current study, three dependent variables are considered, that is reading comprehension, spelling, and mathematics. The gross and value-added effects are estimated for each of the three dependent variables in the model. In the random part of the model, the random intercepts and random slopes of the different dependent variables are allowed to be associated. Therefore, the gross and value-added school effects are allowed to be related within domains as well as across domains. Consistency can therefore be determined for both types of school effects as well as the stable (school-level) and unstable (school-cohort-level) part of the school effects.
The aim of the current study is to estimate the size of school effects for the three outcomes, including (growth of and final performance on) reading comprehension, spelling, and mathematics (Research question 1), the stability of school effects for the three outcomes (Research question 2), and consistency of school effects (Research question 3). The answers on the first research question can for the gross effects be derived from this multilevel model by calculating intra-class correlations (ICC; Snijders & Bosker, 2012) . ICC is the common effect size indicator in educational effectiveness research to establish the contribution of schooling in correlational studies. The size of the stable gross school effects (over the three cohorts) can be estimated as the proportion of school-level intercept variance (Level 4) relative to the total intercept variance. The size of the unstable school effects can be estimated as the proportion of the combined school and schoolcohort level intercept variance (Levels 3 and 4) relative to the total intercept variance. The latter should give similar results as when estimating the school-level variance in a single-cohort study. No consensus has yet been achieved on how to calculate an estimate of the size of (stable and unstable) school effects for growth (value-added school effects) from growth models or similar statistical techniques. Moreover, the term ICC is not used as an indicator of between-school differences in achievement growth. In this paper, we follow the guidelines as presented by Dumay and colleagues (2014) by calculating and presenting "the school-level slope variance as a proportion of the total slope variance" (p. 70) 1 ; a similar approach was adopted in Rowan et al. (2002) and Anumendem, De Fraine, Onghena, and Van Damme (2017) . Several other studies present values for between-school differences for growth rates in multilevel growth models without presenting exact descriptions of how they were calculated or providing insufficient information to reconstruct the formulas used (see Guldemond & Bosker, 2009; Raudenbush, 1989) . In addition to the intra-class correlations (for gross effects) and proportion of school-level variance (for value-added effects), we also present 50% and 95% coverage intervals to facilitate understanding of between-school differences for both the gross and valueadded school effects. Stability indexes (Research question 2) were also derived from the variance components of the multilevel model. The stability of school effects is estimated as the proportion of stable school effects (Level 4) relative to the sum of stable and unstable school effects (Levels 3 and 4) (Leckie, 2013; Luyten, 1994 Luyten, , 2003 . These estimates of stability of school effects can be calculated for both gross school effects and valueadded school effects in the exact same way. Consistency (Research question 3) can simply be derived from the estimated covariance in the random part of the model.
The model presented in the results is based on 66,815 measurements of 25,269 students in 868 school cohorts in 319 primary schools. This implies that, on average, data of 2.64 out of the maximum 3 measurements are available per student, data from 29.11 students are available per school cohort, and data from on average 2.72 cohorts out of a maximum of 3 cohorts are available per school. This indicates that the data are rather complete.
Results
Descriptive statistics of the three cohort samples
The correlation tables for each of the cohorts are presented in Table 2 . The strongest correlations are found between the subsequent measures of the same subject domains, of which the highest were found for reading comprehension (r = .680-.736) followed by spelling (r = .655-.707) and mathematics (r = .591-.705). The correlations between the measures for the three different subject domains are also considerable (r = .305-.578), with the smallest correlation between spelling Grade 4 and mathematics Grade 6 in Cohort 2 and the largest correlation between reading comprehension Grade 6 and mathematics Grade 6 in Cohort 3. These between-outcome associations confirm the necessity for a multivariate model in which the three outcomes are modelled simultaneously. Table 3 shows the mean and standard deviations of the scores per grade and per cohort. It seems that for all three subject domains the results per grade are almost equal across cohorts and the growth in scores across grades indicates a linear trend, although only three measurement occasions per cohort are actually too few to reliably estimate this. 
Results from the multilevel analysis
The results from the multivariate multilevel growth curve model are presented in Table 4 for the fixed part and in Table 5 for the random part. The fixed part of the model only consists of the intercepts for the three outcomes, the Grade 6 sample average over the three cohorts, and the coefficients for the linear effect of the time variable. On average, students in Grade 6 scored 0.59 points on reading comprehension, 0.82 on spelling, and 0.88 on mathematics. These are scores on the underlying latent scale, that was standardized per outcome variable over all three cohorts. Furthermore, the slopes indicate that from Grade 4 to Grade 6 the students gained on average 0.55 points per year on reading comprehension, 0.75 points per year on spelling, and 0.79 points per year on mathematics. The growth for spelling and mathematics is therefore on average approximately three quarters of a standard deviation per year, against a bit more than half a standard deviation for reading comprehension. The random effects in Table 5 are presented in variance-covariance matrices for each level included in the multilevel model. The variances of the intercepts (gross effects) and slopes (value-added effects) are presented on the diagonal and the covariances between them off-diagonal. The results from Table 5 indicate that there is a significant amount of variance for each of the outcome variables on each of the hierarchical levels in Grade 6 performance (intercept variance), as well as significant differences in growth between units at all levels (slope variance). The school-level intercept variance (gross school effect) for spelling, for example, is .043, which is significantly different from zero; z = 8.6, p < .001. With respect to the variance components, it is important to note that the variance in slopes (value added) is smaller than the variance in intercepts (gross effects). Below, we will discuss the results on the school level and the school-cohort level more in detail. Note: Standard errors are given in parenthesis. RC = reading comprehension; SP = spelling; Math = mathematics; int. = intercept variance; slp. = slope variance.
EDUCATIONAL RESEARCH AND EVALUATION
Size of the stable school effects (Research question 1) As was explained earlier, the variance in the model associated with the school level, both with respect to the intercepts (gross effects) and the slopes (value-added effects), gives an indication of the stable school effects, while the variance on the school-cohort level provides an indication of the unstable school effects. The variances on the school level indicate that schools differ in both their stable gross effects and in their stable value-added effects. In order to illustrate the size of school effects intra-class correlations, 50% and 95% coverage intervals are presented in Table 6 . Relative to the total variance in Grade 6 performance, the proportion of variance on the school level (gross school effect) is .074 for reading comprehension 2 , .077 for spelling, and .102 for Mathematics, respectively. The 95% coverage intervals show that for Grade 6 performance 95% of the schools vary approximately between 0.083 and 1.097 points on reading comprehension, between 0.410 and 1.222 for spelling, and between 0.341 and 1.415 for mathematics.
3 These differences between schools are considerable as the differences between stronger and weaker schools are almost one standard deviation in reading comprehension and spelling and a bit over one standard deviation for mathematics. The 50% coverage intervals are much narrower, indicating that when the 50% schools in the middle range are considered, differences are much less pronounced. Compared to the gross school effects, there is a relatively larger proportion associated with the school level for the growth between Grade 4 and Grade 6 (value-added school effects); intra-class correlations are .147 for mathematics, .273 for reading comprehension 4 , and .478 for spelling, respectively. For the value-added effects, 95% of schools vary in growth rates between 0.401 and 0.705 standard deviations for reading comprehension, between 0.539 and 0.951 standard deviations for spelling, and between 0.651 and 0.929 standard deviations per year for mathematics. Again, when the middle 50% of the distribution of schools is considered, differences in value added are much smaller. The difference between a school on the 25th percentile and the 75th percentile for the three subjects is approximately one tenth of a standard deviation. Table 3 ). Between-school differences as proposed by Dumay et al. (2014) , based on the random slopes of the time variable on the student, school-cohort, and school levels. 3 50 and 95% coverage intervals are centred around the estimated slopes (see Table 3 ).
Size of the unstable part of school effects (Research question 1) Also within schools, there is substantial variation between the three subsequent school cohorts for the gross and the value-added school effects, which indicates that the effects of school are partially unstable. Relative to the total variance in Grade 6 performance (gross effects), the proportion of variance on the combined school and schoolcohort level is .103 for reading comprehension, .127 for spelling, and .144 for mathematics, respectively. With respect to the growth between Grade 4 and Grade 6 (value added), there is a relatively larger proportion of variance associated with the combined school and school-cohort level; .682, .913, and .765, respectively. The proportion of the combined variance on the school and school-cohort levels is relevant as it has a similar meaning as the proportion of the school-level variance in a single-cohort study.
The gross effects of 95% of the school cohorts vary approximately between −0.008 and 1.188 points on the standardized reading comprehension scale, between 0.294 and 1.338 for spelling, and between 0.240 and 1.516 for mathematics. This implies that for all three outcomes the differences between stronger and weaker school cohorts in gross effects are larger than one standard deviation. The differences in the middle range are again less pronounced. The gross effects of 50% of the school cohorts vary approximately between 0.384 and 0.796 points on the standardized reading comprehension scale, between 0.636 and 0.996 for spelling, and between 0.659 and 1.097 for mathematics. For the value-added effects, 95% of the school cohorts vary in growth rates between 0.313 and 0.739 standard deviations for reading comprehension, between 0.461 and 1.029 standard deviations for spelling, and between 0.474 and 1.106 standard deviations per year for mathematics. These findings imply substantial differences in growth rates between cohorts within schools. The difference in value added between a school on the 25th percentile and the 75th percentile for the three subjects is approximately two tenths of a standard deviation when the unstable school effects are considered. Table 6 also includes stability indexes, that is, the proportion of the school-level variance relative to the combined school and school-cohort level variance (Leckie, 2013) . The gross school effects, referring to the average performance of students in Grade 6, are relatively stable as their indexed stability values show: .720 for reading comprehension, .606 for spelling, and .708 for mathematics. This means that the stable part of the gross school effects is larger than the unstable part of the gross school effects. For the value-added school effects, it is the other way around: The unstable part of the school effect tends to be larger than the stable part, with stability indexes of .400 for reading comprehension, .524 for spelling, and .192 for mathematics, respectively. It therefore seems that the gross school effects are relatively more stable than the value-added school effects.
Stability of gross and value-added school effects (Research question 2)
Consistency of school effects (Research question 3)
The consistency of the stable and unstable school effects is derived from the random part of the model by the correlations of the school effects for different outcomes (see Table 7 ). Correlations ranging from .52 (mathematics and spelling) to .80 (mathematics and reading comprehension) were found for the gross effects on the school level. This indicates that the stable gross school effects are relatively consistent over outcomes. Schools with relatively high means on one outcome tend to have high means on the other outcomes as well. For the stable value-added school effects, the correlations ranged between .15 and .44. These positive, but much weaker, correlations indicate that schools in which students make on average more progress in one outcome tend to realize more progress in the other outcomes as well. However, these correlations are far from perfect. At the school-cohort level, the correlations are generally positive as well, but relatively low, both for the gross school effects (r = −.01-.45) as for the value-added effects (r = .10-.30). This indicates that the unstable part of the school effects is less consistent than the stable part; this holds for both gross school effects and value-added effects.
Discussion
Taking into account the stability and consistency of school effects, is, in our view, extremely important in order to be able to distinguish in a reliable and valid way between relatively effective and less effective schools. It would give a more detailed picture of the "real" value added of schools and would do more justice to the complex nature of schooling (Timmermans, 2012) . The aim of the current study was to test whether these assumptions could be supported by empirical data of a Dutch data set, which includes the scores on reading comprehension, spelling, and mathematics tests, taken in Grades 4, 5, and 6 among three cohorts of students in primary schools. Our study extended the study of Marks (2015) , with two important elements. First, our data set included three measurement occasions (Grades 4, 5, and 6) for three cohorts, which made it possible to estimate growth of students' achievement over time. Second, we integrated the separate models for estimating the size of school effects respectively the stability and consistency into one comprehensive model. 
Size of school effects
The findings of the current study indicate smaller between-school differences with respect to the gross school effects (stable gross school effects 7-10% between-school variance, ICC varying between .074 to .102; see Table 6 , upper part, first row) compared to previous research (18-25%). In accordance to previous research, the school effects in this study were slightly bigger for mathematics compared to language. The above-mentioned difference in size of school effects between previous studies and ours can partly be attributed to differences in methodology. By including several cohorts, the variation due to stable school effects and year-to-year differences could be disentangled. The part of the variances that can be accounted for by stable school effects is smaller than the year-toyear school effects (10-14% between-school-cohort variance, intra-class correlations varying between .103 and .144; see Table 6 , second part, first row), which indicated that estimates from single-cohort studies tend to overestimate school effects. The findings of previous research indicate that the between-school differences in all levels of schooling are much lower in the value-added models (8-13%) compared to gross school effects. However, in the current study the differences between schools in the progress of students (value-added school effects) were relatively large (15-48%, proportions of slope variance between .147 and .478; see Table 5 , first part, second row), again with higher levels of year-to-year differences in progress (Table 5 , second part, second row) than stable value-added school effects. With respect to value-added school effects, remarkably, we found smaller between-school differences for mathematics (15% between-school variance in the stable part) compared to languages (27 and 48% for reading comprehension and spelling, respectively). The results from the current study stem from multilevel growth models, which allow for an explicit modelling of the progress made by students as a function of time instead of taking the final performance and correct that for initial performance of students. Previous research has indicated that growth models are able to demonstrate more sizable school effects (e.g., Dumay et al., 2014; Guldemond & Bosker, 2009) . How this might be explained is not yet totally clear.
Conceptually, the growth model (and also the learning gain model) differs from the commonly used co-variance model. In the latter model, student performance differences between schools at a particular moment in time are predicted, taking into account the differences in prior performance of the students of these schools. Schools which score higher than was predicted from their students prior performance are considered as more effective than schools which score lower than the predicted performance. In the growth (and learning gain) approach, however, the differences between schools in how much students have learned over time are predicted. Schools in which students have learned more or quicker over time are considered as more effective than schools in which students have learnt less over the same period of time (see also Veenstra, 1999) . However, also models analysing learning gain instead of performance status at a particular moment in general yielded much smaller school effects than our and other researchers' growth models. According to Rowan et al. (2002) , this is due to the fact that annual learning gain scores (the score difference between two measurement moments) are very problematic, because they could be very unreliable when true differences among students in academic growth are small. This probably explains why the effect sizes yielded by learning gain models generally are very small. As an alternative for covariate adjustment models and learning gain models, Rowan et al. suggest to analyse the effects of teachers (or schools) on students' achievement growth by using a cross-classified random effects model, as proposed by Raudenbusch and Bryk (2002) . They expect that this model, just as other growth models like ours, allows to separate true score variance in growth rates from error variance, and thus to ignore error variance in determining the effects at the different levels of analysis. Following this line of reasoning, this improves the estimates of teacher effects over those derived from simple gain models, and this in turn might lead to higher sizes of school effects. And indeed, in their own study, Rowan et al. found that the size of the teacher effect was 3 times larger than the size of the effects in other studies. So, for the time being, we might conclude that the different and presumably more reliable way of multilevel growth modelling explains the differences in effect sizes that we found in our study in comparison with other -simple learning gainstudies. The explanation for the difference with other studies in which just co-variate adjustment was applied actually is not relevant, because conceptually this type of studies in fact do not address the issue of value added of schools in terms of change of student performance over time.
However, also an additional elaboration on the effect sizes used in this and previous studies is in place. Most used effect-size indicators in educational effectiveness research, among which ICC, only provide us with an indication of the proportion of the unexplained variance at the different hierarchical levels, for example, the proportion of unexplained variance at the school level. In the current study, however, the total variation in slopes (value added) is quite limited compared to the variation in intercepts (gross effects). In such a case, comparing between the gross and value-added school effects may be suboptimal. In the current study, this finding may indicate that most variation in students' academic achievement is already present at the first measurement occasions (between schools and within schools). Therefore one may conclude that, although the distribution of variance is significantly different when it comes to intercepts and slopes, the variation in value added is relatively small and unlikely to alter the initial situation very much. This is in line with numerous studies on educational effectiveness which show that variation in achievement (between schools and between students) is largely determined by student background (e.g., initial achievement, IQ, socioecomic status [SES] ) and only to a limited extent by educational factors (like quality of instruction, time on task, etc.).
Stability and consistency
With respect to the stability of school effects, we see higher levels of stability indexes for the gross school effects compared to the value-added school effects. Stability indexes well over .50 indicate that for the gross school effects the stable school effects were larger than the year-to-year differences. For the value-added estimates, the stability indexes of reading comprehension and mathematics which were lower than .50 suggest that the year-to-year differences are larger than the stable school value-added effects. Only for spelling, the stable school effects were slightly bigger than the year-to-year differences. These findings confirm that increased sophistication in modelling learning gains seems to be associated with decreased stability of the estimated school effects over time (e.g., Dumay et al., 2014; Gray et al., 2001; Thomas, Peng, & Gray, 2007) . There may be several reasons why value-added school effects show lower stability than gross school effects, such as attenuation of correlations due to restriction of range and decreased reliability due to statistical adjustments (Dumay et al., 2014) ; or school effects may actually not be as stable as many researchers believed (Marks, 2015) , or schools may strive for a more or less stable target in final performance (Luyten & De Wolf, 2011) . There is an important task for future research to try and explain the relatively low stability of value-added estimates of school effects derived from more sophisticated statistical models.
On the basis of previous research, Marks (2015) concluded that the strength of the consistency was dependent on the type of school effect measured, with higher consistency for gross school effects (approximately r = .70-.80) than for value-added school effects (r = .24-.71). The current study confirms these findings. The current study adds to the existing literature that consistency and stability are interrelated, as the consistency of school effects is stronger for the stable school effects compared to the year-to-year differences. The latter result suggests that schools with a highly stable gross effect in a particular subject tend to have a highly stable gross effect in other subjects. It also indicates that within schools there are differences in effects for subsequent cohorts of students, but cohorts that have high performance or progress in one subject tend to do well in the other subjects as well. Combining the statistical approaches for estimating consistency and stability revealed that correlations indicating consistency from singlecohort studies may be affected by both the stable effects of schools as well as the specific student cohort.
Limitations and suggestions for future studies
Limitations of the current study should be kept in mind when interpreting the findings. The most important limitation might be the absence of potential important covariates (e.g., ethnicity, SES, language status, etc.) that could have been incorporated into the model in order to test their respective sensitivity to them. However, in the study of Marks (2015) including SES had a neglectable effect on top of prior achievement. Also, because our models addressed growth of student achievement over time, it might well be that SES was implicitly taken into account as well, because it is highly correlated with prior achievement of students.
Furthermore, by estimating the multilevel growth models we assume that differences in growth between schools are valid indicators of the contribution that each school makes to the cognitive growth of students. The validity of such indicators is hard to establish in research. However, research on summer learning (Downey, von Hippel, & Broh, 2004; Heyns, 1978) indicates that most of the variation in growth occurs during the summer vacation. In the current study, there was no information on student performance in the beginning of the school year, right after the summer holidays. Therefore, we could not test the variation in summer vacation growth differences. Also, because our data set contained too many students with a deviating school career, because they started when they were younger or older than 4 years old at the (former) official deadline of 1 October, we could not distinguish the actual schooling effects from age effects. Future research on the same data set is recommended to unravel the effects of individual student characteristics on growth of performance from the effects of particular school populations or cohorts.
Finally, in the present case, growth has been modelled as a linear function of time. In other circumstances, for example, when more measurements are available or when a longer time period is covered, a quadratic function or even more complex forms of modelling the development of achievement over time would be more appropriate. In those cases, it would also be possible to model declining growth. Modelling more growth using more complex, non-linear models would make it much more complicated to apply the approach presented in this paper. In the present situation, linear growth can be expressed by a single statistic (growth per year). In the case of non-linear growth, this becomes more complicated. For example, if a quadratic function is used to model declining growth, the variances of both the linear and quadratic effects need to be taken into account. Perhaps this complication can be avoided by using log transformations of test scores, but in that case the interpretation of the results will be less straightforward.
Conclusions
Taken together, the results of our study demonstrated some important findings which might have implications for future school effectiveness research. First, we showed, just as some previous studies did, that at first sight school effects seem larger for students' growth of achievement than for achievement at a particular point in time, taking into account prior achievement at an earlier moment. However, the total variation in slopes (value added) is quite limited compared to the variation in intercepts (gross effects), which may lead to the conclusion that, although the distribution of variance is significantly different when it comes to intercepts and slopes, the variation in value added is relatively small and unlikely to alter the initial situation very much. We also demonstrated that this type of school effect is less stable across different cohorts of students than school effects established at a particular point in time. Also, school effects as indicated by students' achievement growth over time are less consistent across multiple subject domains than school effects as indicated by students' achievement at a particular moment. Therefore, it is important for future research that only the stable component of these school effects as well as the consistency across subject domains are included in the effectiveness indicators. In combination with including students' growth of achievement over time, and with unravelling age effects from schooling effects, this might lead to a more reliable and valid value-added effectiveness indicator, with also a higher proportion of variance that could possibly be explained by malleable school and teacher characteristics. However, also some other issues have to be resolved beforehand. In the discussion of our findings, we did an attempt to explain how it would be possible that our results deviated considerably from the results of other educational effectiveness studies in which more traditional models were applied. Nevertheless, it still remains unclear how the differences in results could be explained, because not only different statistical models were applied in the studies, but the studies were also different regarding design, measurement instruments, number of measurement moments, age groups, and contexts (countries). Therefore, following Dumay et al. (2014) , we would like to recommend for future research to compare different methods of estimating the size, stability, and consistency of school effects; preferably a comparison of methods on one data set. As an example, we did a re-analysis of our Grade 4 and Grade 6 data, applying co-variance adjustment modelling as well as modelling the gain scores between Grades 4 and 6. The results can be found in Appendix 2. Generally, they show that the school effects in the gross and value-added co-variance models are quite equal to the results of similar models in other studies. The results of the gain scores models, however, show that the stable and unstable school effects are larger compared to the value-added co-variance models, but smaller than in the growth models presented in the main part of this article. With respect to stability, the results show moderate to high stability indices, with the lowest value for the valueadded effect models. However, for both models the indices are higher than in the earlier presented growth models. Regarding consistency, the findings are more or less similar for both models presented in Appendix 2, and the consistency appeared to be higher than was found in the growth models.
In conclusion, these additional analyses show that school effects indeed differ according to the use of different statistical modelling approaches, and that these differences are, at least partly, related to conceptual differences among approaches. However, we consider the results of this article, including the additional analyses, only as a first step, which hopefully challenges educational effectiveness researchers and multilevel experts to bring more conceptual and methodological clearness regarding the issues that were raised by our findings.
Notes
1. The application of the formulas as proposed by Dumay and colleagues (2014) implies that the intra-class correlations of the gross effects and values for the school effects for growth cannot be compared directly, as the variance component of the measurement occasion level is included in the estimation of the ICC for the gross school effect (included variance components all relate to intercept variance), but not in the computation of the value-added school effect (all variance components relate to slope variance). 2. Calculated, for example, for reading comprehension, as the proportion of intercept variance in reading comprehension at the school level (0.067) in relation to the total intercept variance (0.067 + 0.026 + 0.595 + 0.212 = 0.90; see Table 5 ). The resulting intraclass correlation is 0.074 (= 0.067/0.90). 3. The derivation of 95% coverage intervals is based on the model assumption that the random effects are normally distributed. Given normality, we expect 95% of the random effects for each level to lie in the range of ± 1.96 times the square root of the associated variance component. When reporting coverage intervals, it is often helpful to centre them around the intercept or some other interpretable value (Leckie, 2013, p. 18 ).
Specification of the random effects
In this model, measurements (indexed by subscript i) at Level 1 are nested within students ( j) at Level 2, who are nested within school cohorts (k) at Level 3, which are nested within schools (l) at Level 4. For each of the three dependent variables (Reading comprehension Y 1ijkl , Spelling Y 2ijkl , Mathematics Y 3ijkl ), a separate regression formula is fitted.
For each dependent variable, the regression formula fitted consists of an intercept and the slope of time. Time was added as a predictor variable at the measurement level. Given that in the current study only three measurement occasions were available, only linear trends of time were estimated, assuming a single pace in development over the two school years. The time variable in the current study was constructed with the values −2 (Grade 4), −1 (Grade 5), and 0 (Grade 6), by which the Grade 6 performance of students became the reference value. The intercepts and slopes of time were fitted for each dependent variable separately, by which we allow the three variables to have their own mean intercept and slope for time (Table 4) . Or in other words, the Grade 6 performance and growth between Grade 4 and Grade 6 in reading comprehension was allowed to deviate from spelling and mathematics.
Both the intercepts and slopes are allowed to be random at the higher levels. This implies that students, school cohorts, and schools are allowed to have their own intercepts and slopes of time. With respect to gross school effects, deviations from the grand mean in Grade 6 performance (Reading comprehension g 001 , Spelling g 002 , Mathematics g 003 ) were allowed for schools (Reading comprehension w 01l , Spelling w 02l , Mathematics w 03l ), school cohorts within schools (Reading comprehension v 01kl , Spelling v 02kl , Mathematics v 03kl ), and students within the cohorts (Reading comprehension u 01jkl , Spelling u 02jkl , Mathematics u 03jkl ). For the value-added effects, deviations from the average slope of time (Reading comprehension b 011 , Spelling b 012 , Mathematics b 013 ) were allowed for schools (Reading comprehension w 11l , Spelling w 12l , Mathematics w 13l ), cohorts within schools (Reading comprehension v 11kl , Spelling v 12kl , Mathematics v 13kl ), and students within cohorts (Reading comprehension u 11jkl , Spelling u 12jkl , Mathematics u 13jkl ).
The random effects are assumed to have each a normal distribution with a mean of 0 and one standard deviation to be estimated. They are also assumed to be statistically independent over the levels. However, within each hierarchical level the random effects are allowed to correlate. This implies that at each level a full variance-covariance matrix is estimated (Table 5) .
Appendix 2. Traditional school effect models applied to the same dataset
In addition to the multilevel multivariate growth curve model, we estimated a series of alternative models based on the same original data. However, due to model specifications the number of schools, school cohorts, and students included in the three models differ from the growth curve model. In these models, the number of units on each of these levels is reduced considerably. Comparisons between these models and the model from the main article should therefore be handled with caution. All additional models include the school-cohort level in order to investigate stability and are multivariate to deal with the three domains (see Method section). The first model is a gross school effect model in which the Grade 6 performance on the three domains served as dependent variables, and no explanatory variables are included in the model. The second model is a valueadded effects model in which the Grade 6 performance on the three domains again served as dependent variables. In this model, we added Grade 4 performance as explanatory variables. Specifically, Grade 4 performance for reading comprehension was added as explanatory for Grade 6 reading comprehension, but not for the dependent variables in the other domains. Similar strategies were applied for the other Grade 4 performance scores. The third model is a gain score model in which for each domain the Grade 4 scores were subtracted from the Grade 6 scores. The gain scores then served as dependent variables in the model. No explanatory variables were included in the third model. The outcomes of these models are presented in Table A1 .
For each of the three additional models, an estimation of between-school differences was provided, calculated as the proportion school-level variance in relation to the total variance in the dependent variable (sum of school, school-cohort, and student-level variance). These are presented separately for each domain in the first part of Table A2 .
In the gross school effect, the proportion of variance on the school and school-cohort levels is relatively small, indicating that most of the variance in Grade 6 performance is located at the student level. The proportions found in these models match with results from previous research in which similar models were employed. The proportions of variance at the school and schoolcohort level derived from the gain score model seem larger compared to the two other models. For all three models, we see a significant proportion of variance at the school-cohort level, which implies that estimations of between-school differences based on single cohorts are likely an overestimation of the stable differences in school effects. Stability indexes were estimated in a similar fashion as in the main article as a proportion of the school-level variance in relation to the sum of the school and school-cohort variance (see Method section); see second part Table A2 . With respect to the stability, the results show moderate to high stability indices, with the lowest for the value-added effects model.
Concerning consistency over domains, correlations between variance components at the school and school-cohort level are presented in the third part of Table A2 . With respect to consistency, the results of the gross effects and gain score model are similar. Both models produce school-effect estimates that are relatively consistent over the three domains. The correlations between the schoollevel variance components from the value-added effects model are considerably smaller. At the school-cohort level, the consistency is, for each of the three domains, considerably smaller.
